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Background
The biomedical community is rapidly developing new methods of data analysis for microarray experiments, with the goal of establishing new standards to objectively process the massive datasets produced from functional genomic experiments. Each microarray experiment measures thousands of genes simultaneously producing an unprecedented amount of biological information across increasingly numerous experiments; however, in general, only a very small percentage of the genes present on any given array are identified as differentially regulated. The challenge then is to process this information objectively and efficiently in order to obtain knowledge of the biological system under study and by which to compare information gained across multiple experiments. In this context, systematic and objective mathematical approaches, which are simple to apply across a large number of experimental designs, become fundamental to correctly handle the mass of data and to understand the true complexity of the biological systems under study.
Results
The present report develops a method of extracting differentially expressed genes across any number of experimental samples by first evaluating the maximum fold change (FC) across all experimental parameters and across the entire range of absolute expression levels. The model developed works by first evaluating the FC across the entire range of absolute expression levels in any number of experimental conditions. The selection of those genes within the top X% of highest FCs observed within absolute expression bins was evaluated both with and without the use of replicates. Lastly, the FC model was validated by both real time polymerase chain reaction (RT-PCR) and variance data. Semi-quantitative RT-PCR analysis demonstrated 73% concordance with the microarray data from Mu11K Affymetrix GeneChips. Furthermore, 94.1% http://genomebiology.com/2001/2/12/preprint/0009.3 of those genes selected by the 5% FC model were found to lie above measurement variability using a SD within confidence level of 99.9%.
Conclusion
As evidenced by the high rate of validation, the FC model has the potential to minimize the number of required replicates in expensive microarray experiments by extracting information on gene expression patterns (e.g. characterizing biological and/or measurement variance) within an experiment. The simplicity of the overall process allows the analyst to easily select model limits which best describe the data. The genes selected by this process can be compared between experiments and are shown to objectively extract information which is biologically & statistically significant.
Abbreviations
CV: coefficient of variation FC: fold change HFC: highest fold change LFC: limit fold change MAE: mean absolute expression RN: rank number RT-PCR: real time polymerase chain reaction RV: rank value SD: standard deviation
Background
The complete sequencing of several genomes, including that of the human, has signaled the beginning of a post-genomic era in which scientists are becoming increasingly interested in functional genomics; that is uncovering the functional roles of different genes, and how these genes may interact with and/or influence one another. However, this question no longer need be answered by examining individual genes/proteins, but rather by simultaneously studying hundreds to thousands of unique genetic elements at a time. Already, the post-genomic era is beginning to subdivide into distinct 'omic' domains, such as genomics, proteomics, and metabolomics. This enables researchers to examine not only genetic elements, but also the corresponding proteins and metabolites derived from these genes. All such 'omic' technologies require fresh looks at data analysis issues, and many techniques are being shown to be applicable to them all. To date, the most widely studied of these 'omic domains' is that of transcriptomics, which is able to reveal subtle differences in thousands of mRNA levels between experimental samples and medical biopsies. Although mRNA is not the end product of a gene, the transcription of a gene is both critical and highly regulated, thereby providing an ideal point of investigation [1] . The development of DNA microarrays has enabled the global measurement of gene expression at the transcript level, and therefore a glimpse into the coordinated control and interactions between various genes.
At present, two technologies dominate the field of high-density microarrays: the cDNA printed array and the oligonucleotide array. The cDNA array has a long history of development [2] stemming from immunodiagnostic work done in the 1980s; however, it has been most widely developed in recent years by Stanford researchers, using the technique of depositing cDNA tags onto a glass slide with precise robotic printers [3] . Labeled cDNA fragments are then hybridized http://genomebiology.com/2001/2/12/preprint/0009.5 to the cDNA probes on a chip and differences in the mRNA between samples can be identified and visualized using an arbitrary coloring scheme, where typically red indicates a down regulation and green indicates an up regulation. The oligonucleotide array, largely developed by Affymetrix, Inc (Santa Clara, CA, USA) [4] , involves synthesizing short (25-mers) probes directly onto a glass slide using photolithographic masks [5, 6] . Sample processing includes the production of labeled cRNA, which is then hybridized to the chip, and a corresponding signal obtained after laser scanning. Regardless of the array used, the output can be readily transferred into various commercially available data analysis programs, where the selection and clustering of significantly modified genes can be examined.
Differentially expressed genes will be defined herein as gene data lying outside the normal distribution of differences with a control state, and which can not be ascribed to chance or natural variabilty. Various creative techniques have been proposed and implemented for the selection of differentially expressed genes; however, none has yet gained widespread acceptance in the analysis of microarray data. Despite this, there remains a great impulse to develop new data analysis techniques, in part driven by the obvious need to move beyond setting arbitrary fold-change cut-off which are out of context with the rest of the experimental and biological data at hand [7] [8] [9] . This is still the case for many studies, where selection of differential gene expression is performed through a simple fold-change cut-off between 1.8 to 3.0. There is an inherent problem with these simple selection criteria: it is far easier to see a 2-fold change in genes that are lowly expressed than a 2-fold change in highly expressed genes. Selecting significant genes based only on a single fold change across the entire range of experimental data preferentially selects genes that are lowly expressed [8] . Furthermore, this commonly used approach does not accommodate for background noise, variability, non-specific binding, or low copy numbers which are characteristics of gene data generated by a microarray. Other approaches entail the use of the simple statistical measures such as a t-test for every individual gene, however due to the cost of repeating microarray experiments, the n usually remains low and thereby can lead to inaccurate estimates of variance [8] .
The present article describes a fold change model that takes into account both expression levels and fold changes for the selection of significantly differentiated genes. This simple model aids the experimenter to estimate the relationship between these two parameters and thereby extract information which becomes relevant to the estimation of variation. Subsequently those gene transcripts which can be determined to be outliers can be termed differentially expressed
genes. An added strength to the model outlined within this document lies in is its ease of application to any dataset. This model can then be considered a progressive and cyclical process, where the data analyst can quickly and objectively identify a list of differentially regulated genes with a high level of confidence.
The development of this model was performed on data stemming from a nutritional experiment in a mouse model using Affymetrix Mu11K chips, where the effects of four diets were compared in a number of organs (pool of five mice for each sample in each organ): (1) control diet A in duplicate from the same pool, (2) diet B, (3) diet C, and (4) value, which can be described as the difference in intensity between a perfect match oligonucleotide and a mismatch oligonucleotide. In order to clarify this parameter in terms of the present model, the term "absolute expression" will be used in place of "average difference". As usually indicated in literature, both minimal and negative absolute expression values are set to a common number in order to eliminate genes with negative expression levels and to reject essentially uninterpretable information. Therefore, as a first-pass filter, genes with absolute expression values of less than 20 were set to 20 and all genes which had a value of 20 across all four diets were immediately rejected. This process left 9391 genes in the liver out of the original 13179 genes represented on the Mu11K GeneChip. An additional parameter, highest fold change, was then applied to these remaining genes. HFC can be defined as: The proposed determination of HFC is highly influenced by absolute expression, and trends can readily be observed in our data set where HFC is negatively correlated with absolute expression.
For example, it can be seen that with absolute expression values higher than 5000, it is unlikely to have HFC greater than 1.5, but with absolute expression values near 50, it is very easy to observe an HFC of ≥ 2. It should be noted that the present experiment is comprised of four diets or treatments; however, the HFC can be easily calculated for any number of experimental conditions. Furthermore, similar trends can be observed in numerous Affymetrix datasets we have examined (data not shown).
An ultimate goal was to develop a model that would account for absolute values when filtering genes on fold change. The selection of differentially expressed genes is essentially a search for outliers, i.e. gene data lying outside the normal distribution of differences relative to a control state, and which can not be ascribed to chance or natural variabilty. In order to determine those genes which are outliers, it is necessary to either measure the variability of the system or to make valid assumptions regarding the normal distribution of variability. In the present model we assume that: (1) variability in gene expression measurements are related to the absolute expression level; and (2) that if a broad sampling of the transcriptome is measured then only a small number of genes will actually be outliers even in the harshest of experimental treatments.
Assumption (1) is a fairly general analytical concept, i.e. that the closer data is to the measurement threshold the higher the variability is in that measurement. Assumption (2) appears http://genomebiology.com/2001/2/12/preprint/0009.9 to be empiricaly valid when surveying the literature for high-density microarray experiments which evaluate severe biological events, from caloric restriction [10, 11] to apoptosis [12, 13] . In these experiments, through various selection techniques, it was found that less than 5% of the total number of genes probed were differentially regulated. Therefore, in order to develop the present model of gene selection, the validity of selecting outliers was evaluated for a range of highly variable genes, from 5% of the population on up.
The present model was developed by binning gene expression data into tight classes across the range of absolute expression values, i.e. 20-50, 50-100, 100-150, etc. and then selecting the upper 5% of HFC values for further consideration. Binning was carried out in such a manner as to ensure that there was never a bin containing zero genes or fewer genes than the proceeding bin, therefore bin sizes were not always equal. It is possible to search separately for the 5% of genes with the greatest HFCs in each class; however, in order to simplify the overall selection, we modeled the relationship between absolute expression, defined as MIN(diets A,B,C,D) value and HFC (eqn 1) in order to set a limit fold change (LFC). The relationship can be modeled using a simple equation of the form LFC =a+b/x (with a and b depending on the number of genes to be selected). Figure 1a demonstrates that as the selection criteria becomes more strict (top 5% AE 3% AE 1% of genes), the LFC curves change, yet converge at expression levels above 1000. The simple equation contains two parameters that have various repercussions on gene selection. Firstly, a sets the asymptote, which corresponds to the minimum highest fold change value that can be observed at any given absolute value. Secondly, b affects the LFC at a given absolute value, and is therefore highly influenced by this latter value. For example, the lower the absolute values the greater the LFC, and vice versa. or 1% of significant genes, the total number of genes that meet the LFC requirements, and correspondingly the number of genes per bin, drops off rapidly (245 and 102 genes, respectively).
(B) The rejection of very small absolute values
Lastly, in an effort to objectively determine a minimum expression level cut-off we examined the final distribution of absent & present calls (Absence Call) across gene bins in the remaining set of genes. It was determined that Affymetrix absence/presence calls would not be used a priori as criteria critical to the selection of significantly regulated genes, but that it would rather be used as a post-selection criteria. The absence call has been previously noted to be problematic, and has two potential drawbacks: 1) the assignment of an absence call is based on the ad hoc characterization of oligonucleotide matches & mismatches for which the validity has been previously challenged, and 2) is not empirically reliable for individual genes, i.e. the confidence in the call is not high [14] . However, it was expected that the distribution of absent calls across many genes at a range of absolute expression levels would not be random, and that the trend would be an important crosscheck for the confidence placed in changed genes at low expression levels.
http://genomebiology.com/2001/2/12/preprint/0009.11
As expected the distribution of absent calls demonstrated that it was predominantly the very lowly expressed genes (95% of genes called absent, absolute expression ≤ 207), which were called absent across all four diets by the Affymetrix analysis software. This analysis also supports the idea that a threshold for an absolute minimum expression level could be developed empirically for each data set examined. In the present case, this would imply that any gene, which didn't have at least a value of 207 in one experimental condition needs to be rejected independent of the fold change measured. In practice, more than 95% of genes meeting these criteria would also be rejected on the basis that they were consistently marked absent across all experimental conditions. Therefore, such genes were eliminated in the last method of gene filtration. After removing these lowly expressed genes, based on these objective criteria, 329 genes remained in the list out of the original 13179 gene probe sets. The selected genes were considered to be potentially differentially regulated by our dietary treatments in the sense that these are the most highly differentially regulated genes within the context of the present experiment. 
Real-time polymerase chain reaction
The results obtained from a microarray experiment are influenced by each step in the experimental procedure, from array manufacturing to sample preparation and application to image analysis [15] . The preparation of the cDNA sample is highly correlated to the efficiency of the reverse transcription step, where reagents and enzymes alike can influence the reaction outcome. All of these factors correspondingly affect the representation of transcripts in the final cDNA probe, which necessitate the need for validations by complementary techniques. Analysis by northern blot and RNAse protection assays are commonly reported in the literature; however, the emerging "gold-standard" validation technique is RT-PCR [16] . As microarrays tend to have low dynamic range, which leads to small but significant under-representations of fold changes in gene expression, RT-PCR with a higher dynamic range is used more to validate the observed trends rather than duplicate the absolute values obtained by chip experiments [17, 16, 18] .
Having chosen genes that lie across the ranking system, RT-PCR was performed in triplicate for each experimental condition (Diet A, B, C, D) using the same pooled stocks of liver RNA (5 mice/experiment). Genes were compared to the endogenous controls β-actin and GAPDH, which were determined not to have significantly changed across the dietary treatments http://genomebiology.com/2001/2/12/preprint/0009.13 by both the LFC (microarray data) and a student's t-test (RT-PCR). Subsequently, significant changes by RT-PCR were calculated by the student's t-test with a predefined nominal α level of 0.05; where Diet B, C, and D were independently compared to the control diet A. The overall concordance of trends between the two techniques was 73% (e.g. an increase/decrease in gene expression seen by microarray was also seen by RT-PCR). For those genes whose results agreed between the two experiments, 68% of these results indicated larger fold changes by RT-PCR than those identified by array analysis. This concordance includes both genes determined as significantly changed as well as those genes determined not to have been significantly changed.
When only those genes that were considered to be significantly changed by RT-PCR were examined, the concordance increased slightly to 80%.
What is immediately noticeable through the color scheme (Table 1) is that genes with high RN (low RV) have little to no concordance between the two techniques; where red indicates no concordance and blue indicates either one or two (out of three) of the results did not agree.
When specifically examining fatty acid synthase (FAS), a highly expressed gene, one can quickly see that microarray fold changes of less than 2 can be corroborated between the two experimental techniques, reinforcing the strength of this fold change model.
As the selection criteria with the microarray data was that the HFC must be greater than the LFC model, the expectation is that the LFC trend line can be validated by RT-PCR. This is predominantly the case across the full dynamic range of data selected by the model; except for very lowly expressed genes such as the RAS oncogene. For genes with slightly lower RN (higher RV), such as ABCA1, and HSP5 some concordance is seen, indicating that confidence in gaining with these genes, and that as a group they can still be taken into account when looking for trends in gene expression. For genes with a RN lower than 176 (RV > 1156; e.g. USF-2) concordance quickly approaches 100%, indicating high confidence when discussing gene trends or individual gene results. These results in total reinforce the concept that RN is correlated with confidence / validity within the selected gene set resulting from the LFC model.
The genes discussed and validated in this report were identified using the 5% fold change model; however the fold change percentage can be varied to meet both the researcher's and experiment's needs. It must be stressed that the 5% fold change model was chosen under the assumption that a relatively small percentage of genes will have their expression altered under any given condition. Therefore, selecting a fold change model of 5% may be either too genes with a RN below 176 (corresponding to RV > 1156) can be validated, then one would expect that these genes would be concentrated at higher expression levels. However, when the spread of those genes with a rank of 1 to 176 is examined, it was observed that these genes comprise a wide range of expression levels, indicating that the fold change model is objectively selecting differentially regulated genes across a wide range of absolute expression levels (data not shown), and that confidence in that selection increases with RV.
Variance Analysis with Real-time PCR
Variability is introduced into microarray data from two sources: biological variation (whether in vitro or in vivo) and measurement variation (hybridization, processing, scanning, 
Validation of the LFC model via characterization of measurement variability
The concept that variability and absolute expression are related has recently been examined by Coombes and colleagues; however, they examined only the variability of replicate spots on a single slide [19] . This concept has now been further extended here to the examination of variability between genes on different microarrays. Measurement variance was examined following the development of the LFC model, and was therefore treated as a separate method for the confirmation of this model. To further understand the nature of measurement variability within the current study, duplicate Mu11K Affymetrix microarrays for the controls were examined. A pooled RNA sample from mice (n=5) fed the control diet was hybridized to two different chips, and the data was analyzed in order to characterize measurement variability (data not shown). It was apparent from the trend that as absolute expression levels increase, the coefficient of variation (CV= SD/MAE) decreases. By overlaying the trendline of the variability data on those genes determined to be significantly regulated by the LFC model, the CV upper confidence level for these selected genes could be elucidated.
In order to estimate the CV without taking into account extreme values of the duplicate we used a robust estimator, represented by the following equation:
eqn. 2
Where n = 2 and p = 0.5 (as the median CV of duplicate gene sample was used), the above equation enabled the CV to be determined by narrow bins of mean expression level, where extreme values are not accounted for.
The mean absolute expression of 13057 data points (genes) across the four diets were plotted against CV, and indicated a similar trend for the variability data; where a high mean absolute expression results in a low CV (Figure 1b) . Applying the CV derived from the duplicate sample data (eqn. 2) to the quadruplicate diet data enables the calculation of the CV upper confidence level (by bins of absolute expression level) using the following equation:
eqn. 3
Where n= 4 and p= 0.001, 0.00001, 0.0000003, depending on the level of confidence desired (1-p). This greater variability arose due to combined pool (biological) and treatment variabilities.
This confidence level, by altering p, could then be raised or lowered according to the level of confidence desired; therefore, modeling the variance data provides an objective method for examining the variation of genes across the complete range of absolute expression values. The spread of the data indicates that most of the 13000 genes are both lowly expressed and highly variable across the four chips. A further examination of the data indicated that 95% of the genes determined to be 'absent' across all four diets by Affymetrix software had a mean absolute expression less than 207.
With the LFC model, genes were initially selected if they were in the top X% of the bin highest fold changes; however the starting point (X%) was solely chosen based on the percentage of genes shown to be differentially regulated across a wide-range of published biological studies.
However, the genes selected by the X% fold change model were then verified, with concordance results, by both RT-PCR and the variance data. Genes identified by the 5% fold change model were overlayed on the variance data corresponding to the four diets, and the confidence level for the X%-data selection was determined (Figure 1b) . Concordance of 94.1%, 96.6% and 98.4%
for the 5%, 3% and 1% fold change models, respectively, was observed with an upper confidence level selection of 99.9% (Figure 1b, inset table) . In addition, overall concordance between microarray data and RT-PCR was examined in the different fold change models; and indicated 73.3%, 81.5%, and 94.4% concordance for the 5%, 3%, and 1% fold change models, respectively ( Figure 1a) . The degree of concordance with RT-PCR results and the high confidence level (99.9%) obtained with the variance data reinforces that the X% fold change model is a simple, efficient, objective and statistically valid method for the identification of significantly differentiated genes.
Conclusion
The analysis of microarray data is a new scientific field that has enabled researchers to establish novel and innovative methods for analyzing the results. Already, an evolution can be observed with regards to the methods of selecting significantly changed genes. Scientists are moving away from the arbitrary fold change cut-off, and incorporating robust statistical concepts into their line of thinking. The conclusion that highly expressed genes will rarely have a 2-fold change in mRNA levels, and that lowly expressed genes will commonly have a 2-fold or greater 
Materials & Methods
Mice and feeding conditions:
Mice were male Rj:NMRI mice from Elevage Janvier, Le Genest-Saint-Isle France, weighing 10-11 g at delivery and 33-51 grams on day 42, housed 10 per cage in wire cages with bedding and normal light cycle. Mice received ad libitum quantities of bottled distilled water and purified powdered diets (7.5 g/mouse) in ceramic cups (10/group) for 42 d. Food was maintained at -80 °C in daily aliquots under nitrogen, thawed each afternoon before administration to mice, and uneaten food was discarded daily. Experimental diets are not relevant to the current manuscript on differential gene selection, but will be described in more detail in a following publication covering the biological significance of the experiment. contain high-quality RNA in sufficient amounts for hybridization. Furthermore, Affymetrix "test chips" were run for each pool for all organs prior to hybridization with the GeneChip. All test arrays gave strong signals across an array of pre-selected genes.
Gene Expression Analysis using the Murine 11k GeneChip:
cRNA preparation.
15 µg total RNA was used as starting material for all samples. In all cases, a "test chip" provided by the manufacturer (Affymetrix, Santa Clara, CA) was run prior to using the Murine 11k
GeneChip. In each case this confirmed that sufficient high quality RNA was present to detect gene expression in the various tissue samples. The first and second strand cDNA synthesis was performed using the SuperScript Choice System (Life Technologies) according to the manufacturers´instructions, but using oligo-dT primer containing a T7 RNA polymerase binding site. Labeled cRNA was prepared using the MEGAscript, In Vitro Transcription kit (Ambion).
Biotin labeled CTP and UTP (Enzo) was used together with unlabeled NTP´s in the reaction.
Following the IVT reaction, the unincorporated nucleotides were removed using RNeasy columns (Qiagen).
Array hybridization and scanning.
Ten µg of cRNA was fragmented at 94° C for 35 min. in buffer containing 40 mmol/L Trisacetate pH 8.1, 100 mmol/L KOAc, 30 mmol/L MgOAc. Prior to hybridization, the fragmented cRNA in a 6xSSPE-T hybridization buffer (1mol/L NaCl, 10mM Tris pH 7.6, 0.005% Triton), was heated to 95° C for 5 min, subsequently cooled to 40° C and loaded onto the Affymetrix probe array cartridge. The probe array was then incubated for 16h at 40° C at constant rotation (60 rpm). The probe array was exposed to 10 washes in 6xSSPE-T at 25° C followed by 4 washes in 0.5xSSPE-T at 50° C. The biotinylated cRNA was stained with a streptavidinphycoerythrin conjugate, 10 g/ml (Molecular Probes) in 6xSSPE-T for 30 min at 25° C followed by 10 washes in 6xSSPE-T at 25° C. The probe arrays were scanned at 560nm using a confocal laser scanning microscope (made for Affymetrix by Hewlett-Packard). The readings from the quantitative scanning were analysed by the Affymetrix Gene Expression Analysis Software. Through the coloring scheme, one can see that validation (confirmation by RT-PCR of the direction of fold change determined by microarray) of low rank value genes is not achieved; however as the rank value increases, concordance increases (red = genes with no concordance across the 3 diets; blue = genes with either one or two measurements in agreement; green = genes that have 100% concordance). Overall concordance with the 5% fold change model was 73%, which includes measurements found both significant 
